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Abstract— Graphs are formed by vertices and edges where 

any two objects joined using edge that represents some 

relationships between these objects. Hyper graph is a 

abstraction of graph in which edges are non-empty subset of 

vertex set. It do not have edges between pair of vertices that 

is hypergraph has edges that connect set of two or more 

vertices.Hypergraph are more suitable to represent  complex 

relational objects in many real-world problems. Partitioning 

decomposes a set of interrelated objects into a set of subsets 

or parts to optimize a specified objective. In general, it is 

required that any two objects within the same part should be 

strongly related in some criteria , whereas the converse 

should hold for any two objects found in different parts. 

Both graphs &  hypergraphs may be partitioned to optimize 

some objective. The hypergraph partitioning problem has 

use in many  scientific computing and provides a more 

accurate inter-processor communication model for 

distributed systems than the similar graph problem. Here we 

are discussing hypergraph partitioning methods Iterative 

algorithm, spectral partitioning and multi-level partitioning 

in detail. Advantages and disadvantages are also listed. 
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I. INTRODUCTION 

Graphs are used to explain pair wise relationship shared by 

objects. Vertices of graphs represents the objects. 

Association between two vertices are shown by joining 

together by an edge. depending upon whether the pair wise 

association between the objects are symmetric or not , The 

graph can be undirected or directed.[1] However, graph are 

not sufficient for effective representation of set of complex 

relational objects.  

 To explain this point, let us look at difficulty of 

organizing a collection of songs into different types. We 

have only information that who sang the song. Consider to 

vertices represents songs and connected by an edge only if 

there is at least one common singers of their corresponding 

songs. Singer set is denoted by S contains s1, s2, s3, are 

three singers. Song set is denoted by V contains v1, v2,....., 

v7 are seven songs. Table 1 illustrates the available 

information about songs and corresponding singers. A 

Singer set S ={ s1, s2, s3} and a song set  V={ v1, v2,....., 

v7}. 

 s1 s2 s3 

v1 0 0 1 

v2 0 0 1 

v3 0 1 0 

v4 0 1 1 

v5 0 1 0 

v6 1 0 0 

v7 1 0 1 

Table 1. Relationship of Singer Set and Song Set. 

Using information provided in tab. 1, an undirected graph 

shown in fig.1 is constructed, in which two vertices are 

joined together by an edge if there is at least one common 

singers of their corresponding songs. 

Method discussed above is quite natural, graph 

representation may miss out details such as a singer joined 

singing three or more songs or not. This kind of information 

loss is unwanted because the songs by the same person 

likely belong to the same type. This kind of  information is 

useful in forming relevant clusters. 

 
Fig. 1: an undirected graph 

An undirected graph in which two songs are joined together 

by an edge if there is at least one singer in common. 

A. Hypergraph 

Using graph, information loss may occur that is why 

represent complex data as a hypergraph. Hypergraph are 

more suitable to represent complex relational objects in 

many real-world problems. Hypergraphs are used to 

represent complex relationship (rather than graph). Hyper 

graph is a abstraction of graph in which edges are non-

empty subset of vertex set. It do not have edges between 

pair of vertices that is hypergraph has edges that connect set 

of two or more vertices. Hypergraph developer the concept 

of edge by granting more than two vertices to be connected 

by a hyperedge.[1] We can say that Hyperedge is set of 

subsets of vertices. A hypergrph is define by two sets : a set 

of vertices and a set of hyperedges. [2] A simple graph is a 

hypergraph with each edge containing two vertices only.  

 The example of clustering few songs stated before, 

it is quite easy to develop a hypergraph with vertices 

representing the songs and the edges as singers (Fig. 2). 

Each hyperedge contains all songs sung by its corresponding 

singers.  We can also put positive weights on the edges to 

program our prior knowledge on singers' work if we have. 

For instance, for a person working on a broad range of 

fields, we may consign a comparatively small value to his 

subsequent edge. Now we can wholly represent the 

multifaceted relationships among objects by using 

hypergraphs.Hypergraphs can capture a relationship 
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between a group of objects, whereas graphs can only capture 

binary relationship between objects.[3]. 

 
Fig. 2: A hypergraph which completely illustrates the 

complex relationships among singers and songs 

Fig. 4 shows how hypergraphs can be useful to 

represent complex real world examples. Data is increasing 

day by day exponentially. Hence handling and resolving 

large data for practical purposes has always been an 

essential problem. Different approaches are always required 

to reduce data. 

 
Fig. 3: Real world examples of graph 

 
Fig. 4: Relationship might involve multiple entities 

Hypergraphs are better option to model complex 

unstructured relationships such as parallelization of complex 

and irregular applications from a range of domains including 

parallel scientific computing , sparse matrix reordering , 

social network analysis , clustering and recommendation , 

and database design . Other examples are Publishing data 

like co-authorship and co-citation, Collaborations in 

committee membership, movies etc , and chemical processes 

, social interactions and many more. 

B. Hypergraph Partitioning 

Once complex relationship is modelled as hypergraph, 

Hypergraph partitioning is next step for optimization of 

given relationship. The hypergraph partitioning is making 

partitions the vertex set into the subset of  vertices which are 

distributed smoothly to form sub graphs and having 

minimum intersections between this sub graphs. Partitioning 

decomposes a set of interrelated objects into a set of subsets 

or parts to optimize a specified objective. 

 Hypergraph partitioning have applications in 

different discipline like, VLSI design, large database 

storage, task scheduling in multi-processors, communities 

detection on web, image segmentation, query optimization, 

fixing cachy locality in shared-memory systems. 

 To reduce processing time, hypergraphs are used in 

representation of big data. While designing VLSI layout, it 

is essential to find optimum decomposition of hypergraph 

into k disjoint subsets.  

 As input size is growing every year, to cope up 

with this high performance is necessary. Let’s take the 

example of VLSI design. Number of transistors needed in a 

classic VLSI design raised exponentially. Hence those 

algorithms working on scale of millions of vertices (as 

transistors) , should be able to work with hundreds millions 

in future. This scenario forces any partitioning algorithm 

must have almost linear worse case complexity. 

II. LITERATURE SURVEY 

The existing hypergraph partition methods can be classified 

into three categories 

1) Iterative partitioning  

2) Spectral Partition 

3) Multi-level partitioning 

Here we are discussing hypergraph partitioning methods in 

detail. 

A. Iterative Partitioning 

Iterative partitioning algorithms, takes number of passes to 

reach minimum cut size. It starts with any initial legal two 

partitions.  This initial two partitions are randomly 

computed many times. In each pass, nodes are moved 

between bisections to reduce cut size. Passes are computed 

repeatedly until there is no improvement.   

Kernighan-Lin et al. [4] Presented greedy iterative 

partitioning algorithm , well known as KL algorithm.  At the 

beginning it randomly partitions graph on two sets, then it 

tries to find pair of vertices, one from each set, so as we 

exchange them, the total number of connections (edges) 

between those sets decreases. The gain of a swap is 

computed.  Corresponding swaps are made permanent 
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Fig. 5: In KL algorithm pair of nodes are swapped and 

Locked 

Next pass computed if current pass reduces the cut 

size. Usually converge after a few passes. Total time is 

O(n3) per pass. Better implementation can get O(n2logn) 

time per pass. 

C. M. Fiduccia and R. M. Mattheyses [5] proposed 

a linear algorithm for improving network partition method. 

This classic algorithm is well known as FM algorithm. 

FM algorithm is linear because it moves only one 

vertices at a time. To minimize the cutset, vertex from one 

sub block of partition is moved. Which vertex to move from 

one sub block of partition to another is decided using gain 

concept. The FM algorithm has three main components (1) 

the computation of initial gain values at the beginning of a 

pass; (2) the retrieval of the best-gain (feasible) move; and 

(3) the update of all affected gain values after a move is 

made. 

 This algorithm given a modification over KL 

Algorithm and Can handle non-uniform vertex weights 

(areas). In this approach unbalanced partitions are allowed. 

FM algorithm extended to handle hypergraphs. Advantage 

of this algorithm was clever way to select vertices to move, 

run much faster. It Outputted two partitions X & Y such that 

total cost of hyperedges cut is minimized. 

Similarity between FM to KL algorithms are Both 

work in passes, lock vertices after moved. Actually, only 

move those vertices up to the maximum partial sum of gain. 

FM is Different from KL in these issues. In FM algorithm, 

pairs of vertices are not exchanged. Rather it moves only 

one vertex at each time and uses gain bucket data structure. 

B. Spectral Partitioning 

Spectral clustering techniques are also generalized to be 

used for hypergraphs. To represent relationship between 

vertices laplacian matrix[6] and modularity matrix[7] are 

constructed from hypergraph. Eigen vectors are formed of 

matrix representation of hypergraph.  

The disadvantage is high dimentional space 

required. The computational cost of partition increases 

rapidly  as the size of a hypergraph grows. 

Zhou et al.[1] presented generalized spectral 

clustering techniques to hypergraphs, Biological network 

and social network are analyzed using this developed 

algorithm. Social transcactions are . Two or more actors are 

involved in social transcations having various aspects of 

interaction. Conventional graph representation is not 

adequate in processing these networks. Network centrality 

concept is introduced and developed in hypergraph. 

Rodriguez et al.[6] presented new method in which  

hypergraphs are moduled using the generalization of the 

Laplacian matrix . Concepts of parameter bipartition width, 

averaged minimal cut, isoperimetric number, max-cut, 

independence number and domination number are 

discussed. Eigen value results in graphs are extended to 

hypergraph pointing out largest and second smallest 

Laplacian eigenvalues. 

C. Multi-Level Partitioning 

Computational burden and partition quality both are 

balanced upto large extend using multilevel partitiong 

methods. These methods works in three phases. first original 

graph is simplified, then initial partitioning is done. Final 

partition is achieved using refinement. 

Karypis et al. [8] presents multilevel hypergraph 

partitioning algorithm hMETIS [9] . METIS works directly 

on graph. Free download from website is made available for 

hMETIS. High-quality partitioning is achieved. global and 

local information is incorporated. Parallel extension is also 

possible. 

 
Fig. 6: Showing 3 phases in multi-level partitioning 

algorithm 

1) Phase 1: Coarsening Phase 

Small hypergraphs are created from large hypergraph in this 

phase. Bisection of small hypergraphs is obtained in such a 

way that it will be significantly beeter than Bisection of  

original large hypergraph obtained  directlly. By computing 

sufficient levels of coarsening , small hypergraph of  few 

hyperedges is remained. To find a good partition successive 

coarse graphs made. Vertex weights (node/vertex “sizes” 

)are kept uniform. Lesser is memory required if coarsening 

done faster. 

2) Phase 2: Initial Partitioning 

This is the easiest of the three phases. Random FM, spectral, 

region growing, etc. algorithm can be used at this phase. 

Time required in this phase is very little. it deals with 

contracted hypergraph about 100 vertices. 

3) Phase 3: Refinement 

Also called as uncoarsening phase. Local refinement is 

done. Using partitioning done in phase 2, partition of larger 

graph is obtained. It reduces the cut and improves 

partitioning quality. Vertex swapping algorithms like KL, 

FM can be used. Efficiency of refinement algorithm is 

highly depends on coarsening.  Very little time is required in 

this phase.hMETIS is able to divide large hypergraph into a 

specified fixed number of parts. Multiple iteration of 

algorithm  improves the quality of partitioning.  
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Lotfifar et al.[10] presented  a multi-level 

sequential  hypergraph partitioning algorithm. Rough set 

clustering technique is use in this algorithm. Categorization 

of vertices of hypergraph is done by rough set clustering. 

Hyperedges of hypergraph are treated as features. better 

clusters are made by removing unimportant hyperedges. 

Feature Extraction Hypergraph Partitioning (FEHG) 

algorithm is of a type known as multi-level. Coarsening, 

initial partitioning and uncoarsening are the three distinct 

phase used in this algorithm. 

In coarsening phase, vertices are merged to get 

smaller hypergraph. Then partitioning is done on small 

hypergraph called as initial partitioning. Uncoarsening is 

reverse of the coarsening where solution of large hypergraph 

is obtained from small hypergraph.  It point out local and 

global decisions. Local vertex matching is beneficial as it 

requires low cost and less space done in lesser time. Global 

decisions improves quality but at higher cost. 

Karypis et al. [11] present a k-way partitioning 

algorithm. It also work on multilevel paradigm. This 

algorithm directly construct a k-way partitioning of a 

hypergraph. Phase 1 of coarsening is similar to other 

algorithms. but partitioning phase directly k parts are 

obtained from coarsest hypergraph. now, this k-way 

partitioning is refined to get k partitions of original large 

hypergraph. Global optimize objective cannot be enforced 

on recursive bisection algorithm. K-way partitioning 

produce better partitions than partitions obtained from 

recursive bisection. The key problem is this algorithm 

trapped in local minima. 

H Liu et al. [12] presented Dense Subgraph 

Partition of Positive Hypergraphs.  The partitioning 

framework Dense Subgraph Partition (DSP) automatically, 

precisely and efficiently partitions positive hypergraph into 

dense subgraphs. 

DSP works in two layers of partitions. In first 

partition conditional core graphs are obtained. in second 

partition pseudo-disjoint subgraphs are obtained by using  

disjoint partition. Uniqueness of DSP is that there is no 

predefined number of subgraph it forms. Number of 

subgraph is determined automatically. List of dense 

subgraphs with decreasing densities is generated as a output 

of DSP. the result contains clusters and outliers also , inside 

that original hypergraph.  

DSP can be said as finds meaningful strong 

connections between vertices at multiple scales.  DSP is 

inadequate to follow global objective function. hence 

difficult to represent overall hypergraph picture. Besides, 

DSP is not able to partition a hypergraph into a defined 

number of subgraphs and this is not desirable in some 

applications. 

III. CONCLUSION 

 Section II listed out various methods carried out to partition 

Hypergraph. Various Partitioning techniques are discussed. 

There are some advantages and  disadvantages  associated  

with  each  method  such  as  Execution time, Memory 

required, global decision,  local minima.   
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